In the present study, two artificial neural networks were developed to simulate outflow hydrograph from earthen dam breach. The required data for the modelling were collected from literature, laboratory experiments and a physically based model (i.e. BREACH). For the laboratory modelling, five different materials were used for the construction of different dams of various sizes, and the process of the breach was recorded by two video cameras to record the breach growth as well as the output hydrograph. The genetic algorithm was also applied to divide the data into three statistically similar sub-sets for training, validation and test purposes. The obtained results demonstrate that the results of the artificial neural network (ANN) method are in good agreement with the observed values, and this method produces better results than existing classical methods. Also, the experiments show when cohesive strength is larger, the breach process becomes slower, and the peak outflow and the final width and depth of breach become smaller. Moreover, when the friction angle is larger, the breach process becomes slower, and the peak outflow and the final width and depth of breach become smaller. However, the rate of breach formation is particularly dependent upon the soil properties. Key words | artificial intelligence, artificial neural network, dam break, earthen dam breach, genetic algorithm, outflow hydrograph φ internal friction angle D 50 median diameter of soil material 478
ABBREVIATIONS AND NOTATIONS
In technical literature, dam failure analysis is divided into two main parts. First, analysis of the failure and breach process and, second, flow routing and extraction of the inundation maps due to dam break. The failure of a concrete dam usually occurs instantaneously; however, on the other hand, earthen dams gradually fail due to the continuous increase of an initial breach. In this case, the output hydrograph is related to the erosion condition that takes place inside the breach. Thus, the solution needs further investigation to study safety management of the dams.
Different reasons may lead to failure of an earth dam such as flow overtopping, piping discharge, land slide, war etc.;
but the first two are the most common and important causes. Although some dam failures due to flow overtopping have been already monitored and/or analysed by hydraulic engineers, there is still a need to have further insights into the phenomenon and to develop more robust simulation models. As in an earth dam failure process the piping mode is changed to an overtopping mode after some time, the particular concern in this study is focused on dam failure due to flow overtopping.
Thus far, a number of models have been developed to simulate the earth dam breach process. These can be categorized into two broad lumped (or black-box) and
distributed (or physically based) models, depending on the complexities involved in the process, although there are semi-distributed (semi-physically based) models that are neither fully lumped nor fully distributed (Nourani & Mano ) . According to Wahl (, ) , current analysis methods are grouped into four categories: I. physically based methods, II. predictor equations, III. comparative analysis and IV. parametric models; the second and third groups can be placed into the lumped models class, and IV may be classified as a semi-distributed (or semi-physically based) model. The lumped (or black-box) models establish relationships between input and output variables regarding the problem (e.g. dam breach) and without considering the complex physical laws governing the natural process. used a back-propagation ANN to predict the peak discharge and the time of peak resulting from a single rainfall event. They used a synthetic watershed to generate runoff from stochastically generated rainfall patterns. However, the selection of appropriate input parameters that allow an ANN to successfully produce the desired output is a complex task. Good understanding of the hydrologic system under consideration is an important prerequisite for successful application of ANNs, and a physical understanding of the process being studied leads to a better choice of input variables.
Taking inspiration from the application of ANNs in the simulation of watershed hydrographs, we present two ANN-based models to simulate the earthen dam breach process in this paper. The first model, similar to other classical black-box models, only predicts the peak outflow through the breach using some explicitly available parameters (e.g. reservoir volume, height of dam, etc. 
Earth dam breach process
As mentioned above, the failure of an earth dam can be the result of various causes, such as flow overtopping and piping discharge. Dam failure due to flow overtopping has occurred frequently in the past (Tingsanchali & Chinnarasri ) . Also, the significant differences between overtopping and piping only differ at the beginning of breaching before a breach channel is finally developed (Visser ). Therefore, a particular concern in this study is to focus on dam failure due to flow overtopping.
The earth dam breach process due to overtopping is divided into three stages (Wang & Bowles ):
1. Erosion stage 1 (Figure 1 On the other hand, some researchers have conducted studies to develop experimental formulas using historical breach data to determine breach characteristics, especially the peak outflow, as a function of dam height and reservoir storage volume.
Costa () presented a method on the basis of a regression analysis. It can be applied to both embankment and concrete dams because the 31 breach cases used to develop the model were selected from both embankment and concrete dam breaches. Costa's model estimates the peak outflow (Q p , m 3 /s) from the breach as:
where H w is the height of water directly at the reservoir before breach, measured from the bottom of the final breach (m), and V w is the reservoir water volume at the time of failure (m 3 ).
The Froehlich () equation was derived by fitting a multiple linear regression on 22 dams in which discharge data were available:
The equation shows good agreement with the measured peak flows over the entire range.
In discussing Froehlich's study, Webby () applied dimensional analysis to Froehlich's data set to develop an equation to estimate peak outflow. The equation in dimensional form is expressed as follows:
where g is the acceleration of gravity (m/s 2 ). At each time step of the breach process, the erosion rate (ΔH c ) is computed as follows (Fread ):
1. ΔH is estimated.
2. Reservoir elevation is computed.
3. Q i , Q sp and Q o are computed with calculated reservoir elevation.
4. ΔH is computed by Equation (4) using previously computed breach flow.
where 8. ΔH c is computed by Equation (5). 
ANN model
As with natural neural networks, an ANN contains some simple elements (e.g. neurons) that are connected together and operating in parallel. A neural network is trained to perform a particular function using a set of data and by adjusting the values of the connections (weights) between neurons such that a particular input leads to a specific target output. As shown in Figure 2 , a three-layer feed-forward ANN, which is usually sufficient for real-world problems (Hornik et al. ) , was used in this study. In value of a three-layered feed-forward neural network is given by Nourani et al. ) :
where w ji is a weight in the hidden layer connecting the ith neuron in the input layer and the jth neuron in the hidden layer, w j0 is the bias for the jth hidden neuron, f h is the activation function of the hidden neuron, w kj is a weight in the output layer connecting the jth neuron in the hidden layer and the kth neuron in the output layer, 
where Q i is the observed peak outflow;Q i is the simulated peak outflow; n is the number of observed data; and Q is the mean of the observed peak outflow. The Nash-Sutcliffe efficiency (E) ranges from À∞ to 1. An efficiency of 1 (E ¼ 1) 
where y i is the normalized parameter, x max is the maximum observed parameter, x min is the minimum observed parameter and x i is the observed parameter. This transformation bounds the discharges in the range [0,1].
Experimental setup
An ANN model, similar to other black-box models, requires a complete data set to be calibrated. Calibration is often performed by using a specific set of data such as those from laboratory and, in some cases, field tests; however, in this research, three categories of data sources were used to produce a reliable model: experimental data, data from a physically based model and historical breach data.
To provide experimental data, some tests were conducted in a rectangular flume with a length of 12 m, a depth 0.8 m and a width 1.0 m (Figure 3(a) ). The flume included a morning glory spillway upstream to provide control over the upstream reservoir water levels prior to breach initiation through an embankment. Water outflow through the developing breach channel was dropped into a stilling basin before flowing over a triangular sharp-crested weir into a second measuring-weir basin. A 90 W V-notched weir was provided between two basins (Figure 3(b) ).
The breach process was recorded by two video cameras However, in the current study, the entire dam was constructed and breached (test No. ¼ t1; Figure 4(b) ).
Each breach process was initiated by cutting a rectangular pilot channel at the dam crest. As indicated in should be created because it is preferred that the breach be initiated and take place in the middle of crest (arbitrary position). This initial notch was very small and did not have any significant effect on the breach outflow hydrograph. Figure 5 shows the result reported by Wishart (), the observed data in the current study and the result obtained by the BREACH model.
As shown in Figure 5 , the measured peak outflows are 22.3 and 22 l/s in Wishart () and the current study (t1), respectively, but the calculated peak outflow by BREACH is 28 l/s. The breach area determined in Wishart's test (Figure 6(a) ) has also been compared with the t1 test in For further validation, some experiments were also conducted by simulating selected historical dam breach cases:
Apishapa, Mammoth, Otto Run and Teton dam (Wahl ) . The characteristics of the dams are presented in Table 2 .
Because in the overtopping failure we deal with free surface flow, the Froudian scaling law was applied such that and L is the governing length. Therefore λ F ¼ 1, λ g ¼ 1 implies the following scaling ratios for the velocity, time and flow rate, respectively:
The scaling results of the dams are shown in Table 3 . Two models were assumed to scale the dams. Model 1 used a 2-m length, considering the symmetry property used to scale the Apishapa and Mammoth dams; model 2 was used to scale the Otto Run and Teton dams with a 1-m length.
The measured peak outflow discharges obtained by the physical models are shown in Table 4 . The test results are in good agreement with the corresponding historical breaches and, considering the presented results, 
RESULTS AND DISCUSSION
In this research, two ANN models were developed to estimate the outflow discharge from an earth dam breach. The first ANN model, similar to some formerly presented black-box models (e.g. Equations (1) The properties of the material used in the experiments, which also apply to real-world dams (prototypes), are presented in Table 1 . Overall, to obtain the output hydrographs under different conditions, 40 dams were constructed, breached and monitored in the laboratory. The results of four tests are presented in Figure 7 for dams with height of 30 cm, downstream and upstream slopes of 2.5 and different soil properties.
Furthermore, the BREACH model was also used to determine the outflow hydrograph and breach shape of some hypothetical dams to produce the required data for the ANN training as the second category of the data source. The input parameters are given in Table 5 .
As examples, Figure 8 . It is clear that by increasing the cohesion of the material, the time of the breach is also delayed and, consequently, the peak of the outflow notably decreases. In the laboratory tests, it was observed that the shape of breach remained approximately rectangular until t p (time to Q p ); at t p , however, the collapse of the sides leads to a trapezoidal shape.
The rate of breach enlargement in the dams with cohesive material is lower than that in non-cohesive dams and, consequently, in the rising limbs of the outflow hydrographs, the discharge values (including Q p ) are small compared with the non-cohesive breach cases; therefore, the time to Q p increases.
Although there is a discrepancy between the peak value of the outflow from a laboratory breach and the value estimated by the BREACH (Figure 5 Material property
as the third category of data sources, two of which are shown in Figure 9 . for the optimal division of data. The first method employs a GA to divide the data so as to minimize the statistical difference (measured by the mean and standard deviation) The input and target data were normalized in the range of 0 to þ1; finally, the log-sigmoid transfer function (Hornik et al. ) , in the form of Equation (11), was applied:
Such a nonlinear function can map the weighted inputs of the ANN to the output of the model in order to capture Q p .
The details and results of the proposed ANN models are presented in the following sections.
ANN-Q p model
The ANN-Q p model was developed to estimate the peak outflow discharge from a dam breach and also to investigate the sensitivity of the model (and process) to each input par- which indicate that the overtraining problem has not taken place in the ANNs. (2) and (3).
On the other hand, in the cases that material properties of dam are not available prior to prediction (even for first estimation) these structures are useful.
The scatter plots of the computed versus observed values of Q p (normalized) for structure 4 have been plotted in Figure 11 To achieve an overall comparison for the developed ANN model and empirical relationships (Equations (1)-
(3)), the obtained results were summarized, as shown in The appropriate model among the presented models may be selected in terms of both expected accuracy and data availability. Structures 1 and 2 lead to better results but also they need more field data. On the other hand, in the cases that material properties of the dam are not available prior to prediction (even for first estimation) structures 3 and/or 4 can be a reliable choice.
ANN-Q t model
The ANN-Q t model was developed to estimate the breach outflow hydrograph and, in this way, two different structures were examined.
At each time step (t), the outflow discharge (Q t ) through a breach can be expressed as a nonlinear function of the breach's size at that time step:
or
such that f 2 interpolates the discharge values between 0 and Q p , temporally.
In the previous section, it was verified that Q p can be estimated by H w , V w , L, c, φ, D 50 via a nonlinear ANN model (i.e. ANN-Q p ). On the other hand, although during most time steps Q t is not affected by the initial size of the breach (i.e. initial conditions as B b 0 , H t 0 , B t 0 ), it is possible that during some first time steps, Q t is affected by the initial conditions of the breach. It has already been proved that the initial size of the breach may be represented by the physical properties of the dam (Fread ). Thus, Equation (12) can be rewritten as follows:
However, in real-world applications, it is usually difficult to monitor breach growth and the size of a breach, process of order 1, AR(1)) as:
the second structure of the ANN-Q t model is presented.
In this model, the network uses the output of the previous time step simulation as the model's input at the current time step. It has been shown that for the simulation of a dam breach, H w and V w can be reliable representatives of the physical properties of the dam (Table 7) . Therefore, two simplified alternatives for structures 1 and 2 were also considered in modelling structures 3 and 4, which employ four fewer parameters than structures 1 and 2 in the input layer. The results of the modelling are shown in Table 9 for the proposed ANN-Q t structures.
Although the results show that structures 1 and 3 performed better than structures 2 and 4, respectively, it is clear that structures 2 and 4 are more applicable to realworld problems. For example, the breach hydrographs of the Teton dam computed by the presented ANN-Q t (structure 1) and BREACH models were drawn versus the observed hydrograph, which shows that the presented ANN-Q t , which is derived from different kinds of data sources, can be considered an adequate tool to simulate the breach process (see Figure 12 ).
According to the current research, Figure 13 briefly shows a step-by-step algorithm for application of ANN technique to predict the dam breach output discharge. At the preparation phase, as mentioned in this paper, different data from several sources are employed to train and test different ANNs with different abilities; thereafter and according to the presented steps at simulation phase, the prepared ANNs as ready packages can be used for any other study dam that is in the design and/or operation phase. as ANNs are widely used. All methods require data for training. Therefore, to have an adequate model, three data categories were used to cover a wide range of dam failures. In category 1, to gather experimental data which are more similar to real cases but on a small uncertainties. This finding is due to the rare, highly variable and often subjective nature of the available historical data; these data represent, at best, only a limited range of earth dams.
CONCLUSIONS
The results show that the ANN method is more flexible than other black-box or physical based models.
Also, ANN is a flexible model for sensitivity analysis.
Sensitivity analysis shows that H w and V w are more important physical parameters than L, c, φ and D 50 in dealing with the breach process. In this research, an ANN model was also developed to derive outflow hydrographs, considering the size of the breach and instantaneous Q tÀ1 as inputs. It should be emphasized that for many existing embankments (both dikes and earth dams) c and D 50 are not exactly known. Therefore as a preliminary phase of the study and/or when material properties of the dam are not available, a prediction can be done by using just H w and V w . To predict Q p with much higher accuracy, we will need internal material properties of the dam. 
